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ABSTRACT 
Urban morphological analytics on buildings is informative for sus
tainable development. 3D building massing features, such as 
courtyards and setbacks, reflect spatial organizations and circula
tions, while influence daylight access, ventilation, and shading. 
However, existing 3D GIS methods usually overlook such 3D 
massing features, further obscure morphological analytics and 
environmental assessment. This article proposes MorphCut, an 
efficient convex decomposition method that segments 3D shapes 
into mass-aligned parts. MorphCut leverages key morphological 
properties—planarity, regularity, and Gestalt laws—after a topo
logical preprocessing step to enable mass-aware decomposition. 
Experiments on representative samples, ranging from small 
houses to complex skyscrapers, showed that MorphCut outper
formed four baseline methods in (i) balancing convexity and com
pactness, (ii) aligning decomposed parts with building masses, 
and (iii) preserving geometric fidelity (average deviation: 0.25 m). 
An urban-scale validation on datasets from Delft and Hong Kong, 
comprising over 30,000 buildings across 18.3 km2, demonstrated 
MorphCut’s robustness, scalability, and generalizability. MorphCut 
successfully decomposed 98% of buildings in low-rise regions 
(þ78% over the second-best method) and 93% in high-rise areas 
(þ2%), completing processing in 13 hours (3 hours faster). These 
results position MorphCut as a foundational 3D GIS tool for large- 
scale, mass-aware morphological analysis, with implications for 
digital twins, sustainable planning, and environmental modeling.
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1. Introduction

Urban morphology plays a key role in developing sustainable cities and communities, 
aligning with the United Nations’ Sustainable Development Goal No. 11 (UN 2023). 
Within this context, buildings serve as critical components in urban morphological 
studies (Ratti et al. 2006). Extensive building analytics have been developed to address 
various urban sustainability challenges, including energy consumption (Francisco et al. 
2020), microclimate simulation (Yan et al. 2024), environmental assessment (Li et al. 
2022; Meng et al. 2025), and risk assessment (Lu et al. 2020).

Despite the increasing availability of 3D building models, current urban morpho
logical analytics using 3D GIS face difficulties in handling concave geometries. Most 
approaches either simplify buildings into prismatic volumes or reduce them to overall 
geometric indicators (Labetski et al. 2023), thereby overlooking architectural complex
ities in massing such as setbacks, courtyards, and facade protrusions. As shown in 
Figure 1, these volumetric arrangements are not merely architectural embellishments 
but essential indicators of functionality and urban performance (Ndiaye 2018). 
However, existing methods often assign similar descriptors to buildings with different 
massing, or fail to recognize similarity when patterns are alike but differ in scale, thus 
obscuring key massing information. Addressing these challenges requires new analyt
ical tools capable of decomposing and interpreting building massing into meaningful 
and manageable geometric components.

Convex decomposition is a fundamental technique in geometry processing and 
computer graphics, aiming to partition concave shapes into simpler convex or approxi
mately convex parts (Chazelle et al. 1995). For buildings, the resulting convex parts 
and their topological relationships provide valuable data for interpreting massing com
positions in urban morphological analytics. However, most existing methods were 
developed for organic or articulated objects, such as animals, furniture, or mechanical 
assemblies (Liu et al. 2024). Given the distinct nature of building geometry, these 
methods often fail to identify precise cutting planes or to achieve scalable optimal sol
utions (see Section 2.2). This study therefore examines the morphological properties of 
buildings to design decomposition methods tailored to architectural forms.

Figure 1. Three examples showing the impact of building massing on urban environment.
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Unlike general shapes, most buildings share three morphological properties. First, 
they consist primarily of planar surfaces (Ching 2023), which enables the precise detec
tion of concave edges. Second, building massing follows structured patterns shaped 
by functional, performance, and esthetic requirements, from which potential cutting 
planes can be derived. Third, architectural design often reflects Gestalt principles, with 
hierarchical or sequential arrangements (Nan et al. 2011; Xue et al. 2020). These mass
ing patterns link the number of potential parts to concave edges, inspiring heuristic 
approaches for building-specific convex decomposition.

We propose a novel method for the convex decomposition of 3D building models 
that leverages these morphological properties of buildings. We name this method 
MorphCut, highlighting its goal of segmenting buildings into convex parts for urban 
morphological analytics. The pipeline begins with topological correction to enable reli
able concave edge detection and mesh cutting, then formulates the decomposition 
problem by defining a solution space and an optimization objective based on geomet
ric compactness and convexity. To solve this, MorphCut applies best-first branch and 
bound (BBnB) search guided by Gestalt principles, balancing convexity and compact
ness. A level-of-detail (LoD) scheme is also integrated to accelerate computation. 
Comprehensive experiments on 24 representative buildings and urban-scale datasets 
(over 30,000 buildings) demonstrate that MorphCut outperforms four state-of-the-art 
baselines in effectiveness, efficiency, scalability, and generalizability.

Beyond its technical innovation, MorphCut offers strong practical value. By decom
posing 3D building models into convex components aligned with architectural masses 
(e.g. cores, wings, and setbacks), it enables form-aware digital twins, supports environ
mental simulations, and enhances city-scale semantic mapping. The resulting compo
nents can also be represented as graphs to study morphological patterns and urban 
impacts. Furthermore, convex decomposition reduces geometric complexity, enabling 
scalable parallel processing for 3D reconstruction (Nan and Wonka 2017; Bauchet and 
Lafarge 2020), map generalization (Burghardt and Cecconi 2007), indoor mapping (Wu 
et al. 2021), and path planning for drone-based reality capture (Liu et al. 2022).

In summary, our main contributions are as follows.

� A novel 3D GIS tool for urban morphological analytics based on convex decompos
ition, providing new possibilities for analyzing building morphology at urban scales 
and assessing its impact on urban environment.

� A robust preprocessing procedure for resolving topological defects in 3D building 
models, ensuring accurate mesh operations for convex decomposition.

� An efficient MorphCut method that produces optimal or near-optimal convex 
decomposition solutions.

2. Literature review

2.1. 3D building models and urban morphological analytics

Advances in reality capture and 3D reconstruction have made 3D building models, 
across various levels of detail, increasingly available at urban scales (Biljecki et al. 
2015). These models are usually represented by their boundaries and typically 
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formatted as triangle meshes, polygon meshes, or CityGML scheme databases (Arroyo 
Ohori et al. 2018). However, such datasets do not guarantee topological consistency, 
closure, or watertight manifoldness. Self-intersections, open bottoms, or subtle coord
inate rounding errors are common in 3D building models, necessitating additional 
geometry processing to enable topologically robust shape analytics.

At the same time, urban morphological analytics using 3D building geometry is still 
in its early stages (Batty 2013). Current applications are mostly limited to visualization 
and semantic attributes. Progress is constrained by the lack of advanced shape ana
lysis methods, and existing analytics often rely on oversimplified 3D models, despite 
the substantial differences between low- and high-LoD models (Biljecki et al. 2016). 
Most approaches compute geometric metrics–such as height, volume, surface rough
ness, sky-view factor, and convexity–for entire buildings and then combine these val
ues as features for classification or clustering (Basaraner and Cetinkaya 2017). This 
process may yield similar features for buildings with distinctly different massing, 
thereby reducing classification accuracy. Recent learning-based methods (Yan et al. 
2021; Yu et al. 2024) attempt to analyze patterns, but either lack interpretability or 
depend on predefined forms.

2.2. Convex decomposition for 3D building models

Approximate convex decomposition (ACD), a commonly used technique for shape 
decomposition, seeks to divide a non-convex shape into a minimal number of highly 
convex parts, defined by the volume ratio of a part p to its convex hull (see Eq. (C.2) 
in the Appendix) (Lien and Amato 2007). Strategies include cutting along concave 
edges (Lien and Amato 2004; Thul et al. 2018) or merging mesh triangles until concav
ity errors exceed a threshold (Mamou and Ghorbel 2009). Open-source methods such 
as VHACD (Mamou et al. 2016) and COACD (Wei et al. 2022) employ axis-aligned cut
ting planes to accelerate determining the optimal cutting sequence. However, existing 
methods face challenges with 3D building decomposition, which requires precise cut
ting planes beyond the capabilities of generic shape algorithms (see Figure C.3 in the 
Appendix). Moreover, they typically guarantee only one-step (Mamou et al. 2016) or 
multi-step (Wei et al. 2022) optimality, often producing sub-optimal results when 
applied to complex buildings.

Low-poly building reconstruction through space partitioning is closely related to 
convex decomposition, as partitioned convex cells form the basis for interior-exterior 
labeling (Nan and Wonka 2017; Bauchet and Lafarge 2020). Adaptive space partition
ing (Chen et al. 2022) and kinetic plane extension (Bauchet and Lafarge 2020) effect
ively control cell numbers while maintaining topological consistency. In COMPOD 
(Sulzer and Lafarge 2025), adjacent interior cells are merged to produce concise build
ing decompositions; however the local greedy strategy does not ensure optimal con
vexity, compactness, or alignment with building masses.

Advances in foundation models of computer vision (CV) demonstrate remarkable 
potential for shape segmentation. Projecting 2D predictions from general models such 
as SAM (Kirillov et al. 2023) onto 3D shapes has enabled promising progress in part 
segmentation under limited supervision. Leading methods like PartSlip (Liu et al. 2023) 
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and SAMPart3D (Yang et al. 2024) achieve low-shot or even zero-shot segmentation 
on textured 3D objects. Nevertheless, their performance deteriorates on textureless 
building models, where SAM produces unstable decompositions, thereby highlighting 
the gap in robust zero-shot segmentation for buildings.

In summary, existing ACD algorithms lack precise cuts that guarantee optimality, 
efficiency, and topological robustness. Spatial partitioning provides a robust pipeline 
for handling topological issues but does not optimize part numbers. Foundation 
model-based methods also remain unstable on textureless building models. In the fol
lowing section, we elaborate on our proposed approach.

3. Methodology

3.1. Overview

Figure 2 provides an overview of our approach to the convex decomposition of 3D 
building models. The method takes a 3D building model in polygonal or triangle 
mesh format as input and outputs approximate convex parts, each represented as a 
closed 2D manifold. Before decomposition, the topologically inconsistent input is pre
processed into a piecewise 3D singleton building cell, with concave edges detected 
(Section 3.2). After preprocessing, the proposed MorphCut method defines the ACD 
problem for buildings, formalizing its objective and solution space based on the con
cave edges (Section 3.3.1). MorphCut then solves the problem using a deterministic 
BBnB algorithm, incorporating with heuristics derived from the common morpho
logical properties of buildings (Section 3.3.2). To further accelerate the BBnB search, 
MorphCut amplifies the lower bound during the search process and integrates a LoD 
mechanism to decouple the solution space (Section 3.3.3).

3.2. Preprocessing

The preprocessing procedure reconstructs a piecewise closed 2D manifold from an 
input mesh model with potential topological errors. This step mitigates the impact of 

Figure 2. Overview of the preprocessing and the proposed MorphCut method for convex decom
position of 3D building models.
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such defects on concave edge detection and convex decomposition. As illustrated in 
Figure 3, the iterative space carving shown in the middle represents the core step in 
preprocessing, supported by two prerequisite steps–plane segmentation (Figure 3(a)) 
and point-based space classification (Figure 3(b))–and followed by two subsequent 
steps–singleton merging (Figure 3(d)) and concave edge detection (Figure 3(e)).

As prerequisites, we first segment planar regions from the input mesh using region 
growing (Lafarge and Mallet 2012). Next, point-based space classification determines 
whether each unit space within the bounding box is interior or exterior to the build
ing. To handle topological defects (e.g. self-intersections), we apply a voxel-based 
method, ManifoldPlus (Huang et al. 2020), to generate an approximate manifold that 
serves as a proxy surface for robust classification. From each sampled point, rays are 
cast upward; if a ray intersects the mesh an odd number of times, the unit space is 
classified as interior, and if it intersects an even number of times, the space is classi
fied as exterior.

The iterative carving process extends the point-based space classification to the 
entire space within the bounding box. This step adopts the same iterative space- 
partitioning approach as Chen et al. (2022), but the classification of interior and exter
ior spaces is determined through point voting rather than occupancy learning. The 
procedure consists of three operations:

1. Plane insertion. The carving begins with the building’s bounding box as the ini
tial cell, as shown in Figure 3(c)#1. The largest planar segments are inserted to 

Figure 3. Preprocessing steps. (a) Planar regions are segmented using region growing. (b) A point 
is labeled as interior (in purple) if its rays intersect the rough manifold surface by an odd number 
of times; otherwise, it is labeled as exterior (in gray). (c) Iterative space carving, with six iterations 
shown. Cells are labeled as interior (in white) or exterior (in purple) according to the interior/exter
ior ratio of their sampled points. This procedure produces a singleton building cell in (d), which 
removes the interior boundaries of Iteration#6 in (c). (e) Concave edge detection from the singleton 
building cell. The vertices associated with the detected concave edges in the 2D side view are 
highlighted in red.
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split the input cell into two subcells. To avoid unnecessary cuts, a cell is only split 
by the planar segments that intersect it.

2. Point voting. Classification is performed through random point voting. In the sim
plified example in Figure 3(c)#1, the larger cell is classified as exterior because the 
interior point ratio falls below 0.5. The number of sampled points affects the reso
lution of space classification. The number of points is determined using a given 
sampling interval with minimum and maximal bounds.

3. Inconsistency-guided iteration. The iterations aim to reduce inconsistencies 
between the cell label and ratio obtained from point voting as:

InconsistencyðcellÞ ¼
jfptjpt 2 P, LabelðptÞ 6¼ LabelðcellÞgj

jPj
(1) 

where P denotes the point set sampled in the cell. If any cell’s inconsistency exceeds 
a given threshold and planar segments are detected within the cell, the cell under
goes further planar carving in the first operation. For instance, a new split occurs in 
Figure 3(c)#2. The iterative procedure terminates when either (i) the point-based vot
ing converges (i.e. all the inconsistencies fall below the threshold) or (ii) no planar seg
ments remain in the cells.

Subsequently, all the interior cells are merged together into a singleton building 
cell, and the shared boundaries of adjacent interior cells are dissolved. The preprocess
ing stage then finalizes the procedure by detecting concave edges, i.e. edges where 
the inner angle formed by two adjacent faces is greater than p: Adjacent and collinear 
concave edges are further merged.

3.3. The proposed MorphCut method

The proposed MorphCut method identifies a sequence of cutting operations to 
decompose a singleton 3D building cell into approximate convex parts. Section 3.3.1
formalizes the convex decomposition problem using key morphological properties of 
buildings. Section 3.3.2 introduces a deterministic BBnB search with a heuristic design 
for finding optimal solutions. Finally, Section 3.3.3 presents a fast approximation ver
sion with two acceleration mechanisms that balance optimality and efficiency.

3.3.1. Problem definition of building convex decomposition
The convex decomposition problem of buildings has two aspects: solution space and 
objective. The solution space is defined by potential cutting planes, while the object
ive function seeks to minimize both concavity and the number of resulting parts.

3.3.1.1. Solution space defined by potential cutting planes. Inspired by the regularity 
of building massing, cutting planes with specific orientations are preferred to ensure a 
structured decomposition of a building. Figure 4(a) illustrates four representative cases: 
(a) vertical cutting planes for separating facade protrusions, (b) horizontal planes for 
detaching setback blocks, (c) inclined cutting planes for isolating dormer windows, 
and (d) symmetric joint cutting planes for separating curved blocks. These planes coin
cide with the concave edges of buildings and are therefore selected as potential 
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cutting planes. The corresponding concave edges are categorized into six types for 
proposing cutting planes, with details provided in Appendix B.1.

The solution space consists of all possible combinations of potential cutting planes, 
forming a tree structure as shown in Figure 5. The root node represents the singleton 
building cell before cutting, and each node n corresponds to a combination of cutting 
planes and the resulting parts. Nodes with remaining potential cuts expand into child 
nodes by applying those cuts to their parts, whereas nodes without potential cuts are 
leaves, representing feasible decomposition solutions. Each child node nc can be fur
ther expanded based on the potential cuts of its parts. Assuming c concave edges and 
two cutting planes per edge, the total number of possible leaves (without deduplica
tion) is estimated as:

2c � 2c−1 � 2c−2 . . .� 2 ¼ 2c�ðcþ1Þ=2: (2) 

3.3.1.2. Objective function for convex decomposition. The goal of building convex 
decomposition consists of two objectives: (1) maximizing the convexity of decom
posed parts and (2) minimizing the number of parts. Accordingly, the objective func
tion fðnÞ is formulated as:

fðnÞ ¼
jPartsðnÞj

jConcaveEdgesðrÞj þ 1
þ 1 −

P
p2PartsðnÞ DCHðpÞ

DCHðrÞ

 !

, (3) 

where PartsðnÞ denotes the decomposed parts at node n: jConcaveEdgesðrÞj denotes 
the number of concave edges in the root node r: DCHðpÞ is the volume difference 
between the convex hull and the part, i.e. VolumeðCHðpÞÞ − VolumeðpÞ: The first term 
in Eq. (3) normalizes the number of parts, drawing inspiration from the Gestalt laws 
in building massing. As shown in Figure 4(b), decentralized decompositions tend to 
generate more parts, whereas centralized ones yield fewer. Therefore, 

Figure 4. Building morphological properties used by MorphCut to (a) propose potential cutting 
planes, (b) estimate the number of parts, and (c) guide decomposition from coarse to fine 
granularity.
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jConcaveEdgesðrÞj þ 1 is used for normalization. In the second term, convexity is 
measured as the sum of volume differences, normalized by the initial volume differ
ence of r: Note that the complement of the second term indicates the remaining con
cavity needed to be decomposed.

Along the expansion paths in the solution space, both terms increase. The optimiza
tion procedure is to find a leaf nl in the tree with the minimum value of fðnlÞ:

3.3.2. Problem solving by best-first branch and bound search
The optimal solution to Eq. (3) can be found using the classic BBnB search (Land and 
Doig 1960), which is deterministic and guarantees optimality. Given a node n and an 
objective function fðnÞ to minimize, BBnB iteratively expands a node, i.e. branches, on 
the solution tree defined in Section 3.3.1. Once a leaf node is reached, we record or 
update the upper bound B of fðnÞ: Since the optimal solution fðn�Þ will be no greater 
than B, any branch with a lower bound greater than B is pruned because it cannot 
lead to a better solution than n� (Land and Doig 1960). The detailed procedure is pro
vided in Algorithm 1 in Appendix A.

BBnB search expands the ‘best’ node, defined as the one with the lowest f 0ðnÞ: The 
objective fðnÞ defined in Eq. (3) only reflects only the cost based on the current 
decomposed parts. A lower current fðnÞ does not necessarily imply a lower final fðnÞ:
Therefore, we redefine an objective function f 0ðnÞ for BBnB search as:

f 0ðnÞ ¼ fðnÞ þ hðnÞ, (4) 

where hðnÞ is a heuristic term estimating the future cost to reach termination. To 
ensure BBnB maintains optimality, hðnÞ must not overestimate the future cost (Land 
and Doig 1960). Similar to the current cost, the future cost contains two components: 
(1) an estimate of the additional number of parts, and (2) the remaining concavity to 
reduce.

Figure 5. Expanding a part of solution space formed by potential cutting planes as a tree. (a) a 
given simple (without setbacks and complex roofs) singleton building cell as the root node; (b) 
expanded child nodes using 8 potential cutting planes; (c) branched nodes of the fourth node in 
(b); (d) a combination of two parts’ potential cutting planes. For clarity in illustration, only a small 
fraction of the full branching is shown.
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The second component of hðnÞ is straightforward to compute: it is the complement 
of the second term in fðnÞ: However, estimating the additional number of parts for 
general shapes is challenging. Fortunately, inspired by the Gestalt laws of building per
ception, we found an effective way to approximate the minimum additional parts 
required. As shown in Figure 4(b), a centralized decomposition–where a building is 
split into a core with attached parts–typically yields the minimum number of parts. 
The number of the attached parts can usually be approximated as 
jConcaveEdgesðnÞj=k; where k refers to the number of concave edges surrounding an 
attached part. Accordingly, the heuristic term is formulated as follows:

hðnÞ ¼
jConcaveEdgesðnÞj=k
jConcaveEdgesðrÞj þ 1

þ

P
p2PartsðnÞ DCHðpÞ

DCHðrÞ
, k > 0: (5) 

We set k to 4 by default, based on the assumption that typical protrusions, such as 
cubic balconies or rooftop equipment, are bounded by four concave edges in 3D (see 
Figure B.2(d) in the Appendix). While more complex attached parts may require a 
larger k (Figure B.2(e) in the Appendix), such cases are relatively uncommon. 
Parameter analysis of k is discussed in Section 4.3.3.

3.3.3. Acceleration mechanisms balancing optimality and efficiency
Although BBnB search prunes branches in the solution space, it only completes within 
an acceptable time (several minutes) for relatively simple buildings. Therefore, this sec
tion introduces a fast approximation of the BBnB search. The approximate search 
method is implemented using two acceleration mechanisms on top of the BBnB 
framework, which tradeoff between efficiency (lower computational cost) and optimal
ity (fewer parts and higher convexity).

3.3.3.1. Heuristically weighting the lower bound. The first acceleration mechanism 
heuristically weights the lower bound function. A coefficient e is introduced to empha
size the lower bound hðnÞ in the cost function. By setting e > 1:0; branching on nodes 
with relatively high lower bounds is suppressed, i.e.:

f 0ðnÞ ¼ fðnÞ þ ehðnÞ, e > 1:0: (6) 

This prioritizes branching nodes with smaller hðnÞ–those closer to termination– 
resulting in earlier termination without exploring as many branches as when e ¼ 1:0:
However, when e > 1:0; hðnÞ may overestimate the future cost toward termination 
and sacrifice optimality. Therefore, we set e to 2.0 for fast (but sub-optimal) and 1.0 
for optimal (but slower) search, by default, based on sensitivity analysis presented in 
Section 4.3.1.

3.3.3.2. Increased level of detail (LoD). Another acceleration mechanism reduces the 
number of cutting combinations by structuring the decomposition in terms of differ
ent LoDs. For example, at a coarse LoD (denoted as l1), cutting planes for all potential 
parts are applied as a complete combination to branch a node. Given the decompos
ition result H at l1; we search for a finer LoD decomposition for each part in H inde
pendently, avoiding the need for deeper combinations. This strategy significantly 
accelerates the search efficiency for detailed decomposition of complex buildings. As 
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shown in Figure 4(c), to achieve LoD decomposition, we evaluate the significance of a 
concave edge as follows:

SignificanceðeÞ ¼
LengthðeÞ �MaxDistðe, CHðnÞÞ

AreaðDiagPlaneðRÞÞ
, (7) 

where e refers to the concave edge. MaxDistðe, CHðnÞÞ represents the maximum dis
tance from e to the convex hull of the current node n: DiagPlaneðRÞ refers to the ver
tical diagonal plane of the bounding box of the singleton building cell R. For each 
LoD, we set a threshold to filter out non-significant edges.

These two acceleration mechanisms are integrated into the fast BBnB search. For 
the complete procedure, please refer to Algorithm 2 in Appendix A.

4. Experimental tests

4.1. Experimental settings

4.1.1. Test buildings
We selected 24 test buildings from the three public building datasets: City3D (Huang 
et al. 2022), 3DBIT00 (LandsD 2024), and NYC3D (DCP 2018). The selection was based 
on the representativeness of building morphology, covering diverse styles and levels 
of shape complexity. The samples range from simple, small houses to highly complex, 
iconic buildings. The number of planar regions ranges from 16 to 251, while the num
ber of concave edges and potential cutting planes range from fewer than 10 to sev
eral hundred. Furthermore, we extended our experiments to the urban scale, including 
both high-rise and low-rise regions from 3D-BIT00 and City3D, respectively, processing 
more than 30,000 buildings in total. Additional details on the datasets and selected 
samples are provided in Appendix C.1.

4.1.2. Key parameters and implementation details
Regarding preprocessing parameters, the depth parameter of ManifoldPlus (Huang 
et al. 2020) was set to 6. The distance thresholds for region growing and sampling 
intervals were manually tuned based on the smallest details of the input building 
model, as discussed in Section 4.3.4. The minimum and maximum sampled points per 
convex cell in iterative space carving were set to 100 and 10,000, respectively. For the 
convex decomposition using MorphCut, e in fast BBnB was set to 2.0, and the levels of 
detail L were set to f10−1, 10−2, 10−3, 10−4g: Additionally, the interior/exterior point 
classification and node branching were parallelized, as each iteration could involve 
thousands or more elementary computations. For further details on the method imple
mentation and the computational facilities used, please refer to Appendices C.2 
and C.3.

4.1.3. Baseline methods of comparisons
We compared our method with four state-of-the-art approaches: two ACD methods, 
VHACD (Mamou et al. 2016) and COACD (Wei et al. 2022); one space-partitioning 
method, COMPOD (Sulzer and Lafarge 2025), combined with a corresponding high- 
quality plane detection algorithm PSDR (Yu and Lafarge 2022); and one zero-shot part 
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segmentation based on SAM, SAMPart3D (Yang et al. 2024). For detailed configura
tions of the baseline methods, please refer to Appendix C.6.

4.1.4. Evaluation metrics
Convexity and part count are the two evaluation metrics for a set of decomposed 
parts H: The average convexity of the decomposed parts is calculated as shown in Eq. 
(C.1), and the number of parts is normalized. The geometric accuracy of the recon
structed singleton building cells is also evaluated using the Hausdorff distance (HD) 
between the input building model and the reconstructed closed 2D manifold of the 
3D cell. The detailed calculation of the evaluation metrics is provided in Appendix C.5.

4.2. Results

Figure 6 shows the decomposition results of four LoDs, L ¼ f10−1, 10−2, 10−3, 10−4g;

produced by the proposed MorphCut on 24 selected samples. The complete process 
required an average of 53 seconds, achieving a convexity of 0.99 and a compactness 
of 0.53 at the finest LoD (l ¼ 10−4). In the following subsections, we evaluate our 
results from four principal perspectives: (i) balance between convexity and compact
ness, (ii) alignment with building masses, (iii) fidelity to original building shapes, and 
(iv) efficiency. We also compared our method with VHACD, COACD, COMPOD-PSDR, 
and SAMPart3D for each perspective.

4.2.1. Balance between convexity and compactness
The primary goal of building decomposition is to segment buildings into as few parts 
as possible while maximizing convexity at a given LoD, ideally balancing convexity 
and compactness. Across all LoDs, MorphCut achieved this balance more effectively 
than baseline methods. As shown in Figure 7(a), MorphCut consistently outperformed 
VHACD, COACD, and COMPOD-PSDR, covering a wider LoD range in terms of com
pactness, whereas COMPOD-PSDR was limited to medium and fine LoDs. Figure 7(b)
further shows that at the finest LoD (L ¼ 10−4), MorphCut attained the highest average 
convexity (i.e. 0.99) with the lowest deviation (i.e. 0.02). SAMPart3D was excluded, as it 
only supports coarse-level decomposition without reliable control at fine LoDs.

MorphCut’s advantage in balancing convexity and compactness highlights the 
effectiveness of the proposed BBnB search. By estimating the potential optimum of 
each branch based on Gestalt principles, the algorithm prioritizes promising branches 
and ensures results remain within a bounded deviation from the global optimum. In 
contrast, VHACD relies on one-step greedy decisions, COACD employs multi-step 
Monte Carlo tree search (MCTS), and COMPOD relies on local merging—none of which 
guarantee for global optimality. SAMPart3D depends on the image-based SAM and is 
therefore unstable for building models without texture or cases where texture is not a 
reliable cue for decomposition.

4.2.2. Alignment with building masses
MorphCut decomposes buildings at concave edges using cutting planes derived from 
planar surfaces, ensuring alignment between parts and building masses. At coarse 
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Figure 6. Results of four LoDs in L ¼ f10−1, 10−2, 10−3, 10−4g using MorphCut on 24 samples. 
(�; �) indicate the number of decomposed parts and the average convexity, respectively.
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LoDs (i.e. l 2 f10−1, 10−2g), it isolated the main structural components in Samples (3), 
(6), (7), (9), (13), (14), (16), and (23), and accurately captured the large setbacks in 
Samples (15), (18), and (19). At medium LoDs (i.e. l 2 f10−2, 10−3g), MorphCut reliably 
segmented interlocking elements, such as the pitched roofs in Samples (1) and (3) and 
the double-ring prisms in Sample (10). At fine LoDs (i.e. l 2 f10−3, 10−4g), it successfully 
extracted intricate details, including the facade protrusions in Samples (6), (8), (21), 
and (24); the dormer windows in Samples (2) and (4); the rooftop equipment in 
Samples (7) and (10); and the successive setbacks in Sample (14).

In contrast, as shown in Figure 8, the four baseline methods failed to consistently 
align decomposed parts with the underlying building masses. VHACD and COACD per
formed comparably to MorphCut at coarse LoDs but lose alignment at medium and 
fine LoDs, additionally limiting convexity (see Figure C.3 in the Appendix). COMPOD- 
PSDR, although generally better aligned than VHACD and COACD, still failed to main
tain consistency and shows suboptimal alignment in fine-scale structures at LoD 2 (see 
Figure C.4 in the Appendix). SAMPart3D produced noisy boundaries and unreliable 
LoD control due to the absence of texture or color cues (see Figure C.5 in the 
Appendix).

4.2.3. Fidelity to original building shapes
Fidelity to building shapes is essential for precise building morphology analytics. The 
decomposed parts by MorphCut preserved the fidelity to the original building shapes. 
The assembly of these decomposed parts exactly reconstructs the singleton cell during 
the preprocessing. The proposed preprocessing addresses topological issues, such as 
open bottom and self-intersection, while maintaining shape fidelity. The average 
Hausdorff distance between the input building models and reconstructed cells was 
0.25 m. Significant geometric deviations occurred only in trivial details omitted during 

Figure 7. Comparisons between VHACD, COACD, COMPOD-PSDR, and MorphCut in terms of con
vexity and compactness. (a) Convexity versus compactness across four LoDs. (b) Convexity distribu
tion at the finest LoD (l ¼ 10−4). Note: SAMPart3D was excluded from comparisons because it can 
only perform decomposition at coarse LoDs and does not reliably support finer-level control.
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reconstruction (see Figure C.6 in the Appendix). In contrast, baseline methods exhib
ited persistent fidelity issues. VHACD and COACD failed to capture the block structures 
of input building models lacking a bottom. In the meantime, since COMPOD-PSDR 
relies on consistently outward-facing input normals, inconsistent orientations can 
result in missing interior parts (see Figure E.1 in the Appendix).

4.2.4. Runtime efficiency
Runtime efficiency is essential for applying building decomposition at the urban scale. 
Figure 9 summarizes preprocessing and decomposition times relative to model com
plexity. Preprocessing time grew linearly with the number of planar regions (Figure 
9(a)), taking 180 seconds for the most complex case (251 regions), which remains feas
ible for large-scale applications. Decomposition time, driven by concave edges, was 
significantly reduced by our BBnB acceleration, lowering complexity from exponential 
to polynomial (Figure 9(b)). The small quadratic coefficient indicates near-linear scal
ing; even the most complex case (402 concave edges, 214 planes) was completed in 
222.15 seconds. Figure 9(c) shows that the proportion of preprocessing versus decom
position time varies with the ratios of regions, concave edges, and planes, which 
jointly determine overall complexity.

We compared MorphCut’s runtime efficiency with four baseline methods. As shown 
in Figure 10(a), MorphCut’s average processing time across 24 samples was longer 
than VHACD and COACD at coarse LoDs, and shorter than COACD but longer than 
VHACD and COMPOD-PSDR at fine LoDs. Figure 10(b) shows VHACD and COACD run
times remained constant at a given LoD, with little correlation to the number of planar 
regions, and were higher than those of COMPOD-PSDR and MorphCut for simpler sam
ples. By contrast, COMPOD-PSDR and MorphCut scaled with shape complexity, but 
MorphCut remained highly competitive for low- to medium-complexity models (fewer 
than 50–100 planar regions), which dominate urban datasets. SAMPart3D is excluded 
because it was tested under a different GPU-enabled environment and required 800– 
1,200 seconds per sample.

In summary, MorphCut decomposes simple buildings more efficiently while deliver
ing superior convexity-compactness tradeoffs, better alignment with building masses, 

Figure 8. Results of the four methods at the highest LoD for Samples (6) and (14). For additional 
results, please refer to Appendix C.6.

INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE 15

https://doi.org/10.6084/m9.figshare.28382141
https://doi.org/10.6084/m9.figshare.28382141
https://doi.org/10.6084/m9.figshare.28382141


and higher shape fidelity—demonstrating strong potential for urban-scale building 
morphology analytics. Urban-scale validation is presented in Section 4.4.

4.3. Parameter sensitivity analysis

We analyzed four key parameters of our solution in this section: (1) e in f 0ðnÞ (Eq. (4)) 
which weighs the heuristic term; (2) the number of LoD levels in the fast BBnB search 
(Algorithm 2 in the Appendix A) balancing optimality and efficiency; (3) k in hðnÞ (Eq. 
(5)), estimating the number of concave edges surrounding a convex part; and (4) the 
resolution setting during preprocessing. Detailed results and visualization are provided 
in Appendix C.7.

Figure 9. Processing time of preprocessing and decomposition as a function of building 
complexity.

Figure 10. Comparisons between VHACD, COACD, COMPOD-PSDR, and MorphCut on processing 
time. (a) Average processing time across four LoDs. (b) Processing time at two LoDs relative to the 
shape complexity of building models measured by the number of planar regions (dark and light 
colors correspond to l ¼ 10−4 and l ¼ 10−3; respectively). SAMPart3D is excluded, as it was tested 
in a different computational environment with a GPU and required significantly more computa
tional time (800 to 1,200 seconds).
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4.3.1. � in fðnÞ
We tested our method with the optimal search setting (e ¼ 1:0 with a single LoD 
L ¼ f10−4g). Of the 24 samples examined, only the three simplest samples were com
pleted within the one-hour threshold, while the remaining 21 samples exceeded this 
limit. Both approaches achieved the same level of convexity and number of parts; 
however, the decomposition time increased drastically with shape complexity.

We further compared MorphCut with e ¼ 2:0 and 4.0, using a single LoD L ¼ 10−2 

to remove LoD interference. MorphCut failed to complete within 5 minutes for five 
complex samples at e ¼ 2:0: For the remaining 19 samples, e ¼ 2:0 provided a balance 
between convexity and part count (see Table C.1 and Figure C.8 in the Appendix). The 
normalized part count for e ¼ 2:0 was 0.04 lower than e ¼ 4:0; while convexity with 
e ¼ 4:0 improved only 0.01. Moreover, the efficiency gain from e ¼ 4:0 was marginal 
compared to e ¼ 2:0 over e ¼ 1:0: Considering convexity, part count, and decompos
ition time, we set e ¼ 2:0 as the default for the fast BBnB search.

4.3.2. Number of LoDs in fast BBnB
Another key parameter in the fast BBnB search is the number of LoDs. Integrating 
LoDs can effectively decouple the combination of potential cutting planes, though it 
may compromise optimality. We tested three different numbers of LoDs, denoted as L. 
All settings terminate at 10−4: With jLj ¼ 2; the method produced a low normalized 
part count and maintained convexity above 0.99. However, increasing the number of 
LoDs led to greater irregularity and higher part counts (see Table C.2 and Figure C.9 in 
the Appendix). Decomposition with jLj ¼ 2 also required longer processing times, 
while efficiency gains diminished as jLj grew. Because branching in the BBnB search is 
parallelized but the LoD loops in the fast BBnB search are not, excessive LoDs reduce 
parallelism. This explains why jLj ¼ 8 required only slightly more time than jLj ¼ 4:
Balancing quality and efficiency, we set jLj ¼ 4 as the default.

4.3.3. Number of concave edges surrounding a convex part
The number of concave edges surrounding a convex part, denoted as k in hðnÞ (Eq. 
(5)), is a predefined parameter used to estimate the minimal number of parts based 
on the total number of concave edges. We tested values of k ¼ 2; 4, and 8. The 
decomposition time for k ¼ 8 was longer than that for k ¼ 4 or k ¼ 2; and it also 
resulted in a higher number of decomposed parts (see Table C.3 in the Appendix). 
This parameter analysis indicates that k ¼ 4 achieves the most favorable tradeoff 
among convexity, compactness, and computational efficiency.

4.3.4. Resolution of preprocessing
The resolution of a singleton building cell during preprocessing is determined by the 
sampling interval i and the distance threshold d used for planar region growing. The 
reconstruction resolution is directly controlled by i, with d < i to ensure sufficient pla
nar detail. In Section 4.2, both parameters were manually tuned to preserve the small
est input features. Without manual tuning, i can be set based on the bounding box 
diagonal, i ¼ fd � DiagonalðBBoxðsampleÞÞ; with d ¼ i=4 by default. Increasing fd from 
0.00625 to 0.1 raised the geometric deviation (i.e. HD) from 0.24 m to 2.57 m, where 
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0.24 m matches the manually tuned result. Finer resolutions reduced deviation but 
increased preprocessing time, decomposition time, and part count (see Table C.4 and 
Figure C.10 in the Appendix).

4.4. Urban-scale validation

To assess scalability and generalizability, we tested the approach on two urban data
sets: 3DBIT00 and City3D. The 3DBIT00 subset covers Hong Kong’s Yau Tsim Mong 
and Kowloon City districts, characterized by 150 years of dense high-rise development 
and architectural diversity. The City3D subset represents Delft, the Netherlands, with 
similarly dense but predominantly low- to mid-rise buildings. The selected regions 
contain 10,568 buildings in 3DBIT00 and 20,040 in City3D. Parameter settings for the 
urban-scale validation are provided in Appendix C.8.

As shown in Figure 11, MorphCut decomposed 98% of City3D buildings and 93% of 
3DBIT00 buildings, with failures primarily due to severe topological defects (Section 5.2). 
Average processing times were 1.01 s for City3D and 2.51 s for 3DBIT00, with convexity 
close to 1.0. Most buildings were decomposed into fewer than five parts (Figure 11(c)), 
and six sample groups illustrate representative urban building patterns (Figure 11(e)). In 
the urban-scale comparison, SAMPart3D was prohibitively slow (800–1200 s/sample). 
VHACD and COACD exhibited stable runtimes but would still require about 5 and 
21 days, respectively, to process all buildings at fine LoDs. In contrast, COMPOD-PSDR 
and MorphCut proved far more efficient, so only COMPOD-PSDR was included for com
parison. MorphCut outperformed COMPOD-PSDR on most metrics, particularly success 
rate (Figure 11(f)), as COMPOD-PSDR often misses interior parts or fails when inputs con
tain many inconsistently oriented faces. These results demonstrate MorphCut’s superior 
scalability, generalizability, and robustness.

5. Discussions

5.1. Applications in urban morphological analytics

Section 4 demonstrates the effectiveness, efficiency, scalability, and generalizability of 
MorphCut, highlighting its strong potential for application in urban morphological ana
lytics. In a comparison of four baseline methods on 24 representative samples, MorphCut 
delivers higher-quality results, achieving an advantageous balance between convexity 
and compactness while maintaining satisfactory alignment with building masses. 
Meanwhile, MorphCut also achieved geometric deviations below 0.5 m on 24 representa
tive samples, as well as in the City3D and 3DBIT00 tests, meeting the general resolution 
requirement tested in prior work on 3D morphological indicators (Labetski et al. 2023). 
The processing time of MorphCut scales with the shape complexity of buildings, which 
could be longer than that of baseline methods when processing highly complex build
ings. The decomposition quality and efficiency were further validated in the urban-scale 
tests involving more than 30,000 buildings from high-rise and low-rise urban regions in 
3DBIT00 and City3D. Overall, MorphCut required approximately 13 hours to successfully 
decompose most buildings into a small number of convex parts, whereas baseline meth
ods took significantly longer or failed due to topological issues in the inputs.
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Furthermore, the optimal or sub-optimal convex decomposition of 3D building 
models can produce multiple solutions, leading to ambiguity. Various decomposition 
patterns emerge from this ambiguity. MorphCut can be readily extended to accommo
date numerous decomposition patterns by incorporating additional terms for specific 
patterns in fðnÞ: Details of the formulation and visualization are provided in 
Appendix D.

Figure 11. Urban-scale validation in Hong Kong and Delft. (a, b) Overview of the two study areas, 
with buildings colored according to the number of parts decomposed by MorphCut. (c, d) 
Distribution of the number of parts identified by MorphCut and the planar regions of tested build
ings. (e) Zoomed-in views of selected areas in Hong Kong. (f) Quantitative comparison between 
COMPOD-PSDR and MorphCut, where " indicates higher is better, # indicates lower is better, and 
the best values are in bold. (g) Average geometric deviation between input meshes and singleton 
building cells reconstructed by the proposed preprocessing.
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5.2. Limitations and future research directions

The proposed approach has several limitations, including the need for manual resolution 
tuning for optimal preprocessing, occasional sub-optimal results due to acceleration 
(Figure E.2), cutting or classification errors (Figure E.3), limited robustness to severe topo
logical defects and non-manifold geometry (Figure E.4), long processing time for complex 
iconic buildings, and the lack of semantic or appearance-based reasoning. Visual details 
are provided in Appendix E. To address these issues, future work will explore data-driven 
and learning-based techniques (Park et al. 2019) for adaptive resolution selection, decom
position at appropriate LoDs, and the consistent prediction of functionally relevant cuts, 
even in the presence of interference from exterior-mounted equipment. Such methods 
also show promise in handling complex topological challenges and enhancing robustness 
across diverse building geometries for urban morphological analytics.

6. Conclusion

This article presents MorphCut, a convex decomposition method designed to over
come the limitations of current 3D GIS approaches in capturing 3D building massing 
features. By segmenting 3D shapes into (near-)convex parts aligned with architectural 
massing, MorphCut enables mass-aware morphological analysis at both building and 
urban scales. Experiments on 24 representative buildings and over 30,000 urban-scale 
models demonstrated that MorphCut outperformed four state-of-the-art baseline 
methods in convexity, building mass alignment, geometric fidelity, and scalability.

MorphCut contributes to GIScience by integrating 3D shape decomposition with 
urban morphology analytics, thereby supporting scalable analysis of urban building 
forms. It also reduces geometry complexity, facilitating urban-scale computation, such 
as building reconstruction, generalization, and path planning for drones. Limitations 
include the need for manual resolution tuning, sensitivity to mesh topology, and lim
ited handling of fine-scale architectural details. Future work will explore learning- 
based decomposition, enhanced robustness to topological errors, and the integration 
of semantic cues to further broaden its applicability in real-world 3D urban modeling.
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